A fuzzy logic controller with the fuzzy knowledge base: scaling factors of the input/output variables, membership functions and the rules are optimized by the use of the genetic algorithms, is presented in this work, and its application in the highly nonlinear systems. The fuzzy structure is specified by a combination of the mixed Sugeno's and Mamdani's fuzzy reasoning. The mixed, binary-integer, coding is utilized to construct the chromosomes, which define the set of necessary prevailing parameters for the conception of the desired controller. This new controller stands out by a non standard gain (output scaling factor) which varies linearly with the fuzzy inputs. Under certain conditions, it becomes similar to the conventional PID controller with non-linearly variable coefficients. The results of simulation show, well, the efficiency of the proposed controller.
INTRODUCTION
The control of complex systems, that are nonlinear or contains an unknown dynamics, is a difficult task. In addition, the desired performances become more and more severe. It is one of the raisons that lead to the apparition of new control methods that are more sophisticated.
The apparition of the fuzzy logic formalism [1] gave birth of a new approach, where the control laws are replaced by a set of linguistic rule, determines the control strategies and objectives. This approach requires the knowledge of the human appraisal (experience). The fuzzy systems performances depend on the exactness of the obtained knowledge's. These problems have lead to the development of hybrid systems that could unite the training capacities of the neural networks and the decision capacities of fuzzy systems. The main objective of hybrid systems is the design of fuzzy controllers with optimum parameters.
In this hybridization, the network topology is specified by the type of the inference and by the fuzzy rules used (Sugeno's or Mamdani reasoning) .
The training allows us to adjust the weights of the network, that constitute the base of the fuzzy knowledge, by the minimization of a given cost function that depends on the performances and the desired control strategy.
The backpropagation, based upon the usual gradient method, suffers from convergence problems. This constitutes a constraint that degrades the efficiency degrees of the fuzzy neural controllers.
The genetic algorithms (GA), inspired from the natural genetics [2], become a powerful competitor in the parameter optimisation domain necessary for the design of optimal fuzzy controllers.
Designing an optimal fuzzy controller is, then, a selection of an optimal vector of parameters or variables that will minimize a certain cost function subject to some constraints. Then, we can expect that simultaneous use of the combined fuzzy-genetic approaches lead to the construction of a fuzzy inference system whose structural parameters (its fuzzy knowledge base) are optimized by the GA. The main objective is to exploit the effectiveness of each to build more flexible and efficient controllers.
This article is divided in two main parts: Description of the methodology of conception of the fuzzy neural controller.
Simulation and results of the application of the new controller on an example of nonlinear systems.
METHODOLOGY OF CONCEPTION
Mamdani's and Sugeno's models are the basis of the majority of the fuzzy controllers used in the literature of the domain of the fuzzy logic control. The main difference between the two reasonings resides in the way of assessment of the consequences of the fuzzy rules. In the method of , every rule is represented by a conjunction (MIN) and the aggregation of the rules by a disjunction (MAX). In this model, the consequences are independent of the controller's entries. The link between the conditions and the actions is achieved, solely, by operators.
Takagi- Sugeno and Kang [5] proposed a model to develop a systematic approach for a generation of fuzzy rules from the data set of input-output (I/O). A rule of this type has the following shape:
Generally possesses a polynomial form of and This form is called the model of Sugeno of order one. In some cases, must be constant (Sugeno of order zero). The determination of the coefficients of the consequences must be made by a parametric identification method [6] .
The methods of defuzzification adapted to this form of rules are based on the approach: Defuzzify Without Combining (DWC) . The more used is the one weighted-average defuzzification, given by:
Where M is the number of the rules and is the degree of activation of the ith rule calculated either by the operator of conjunction (MIN) or the arithmetic product.
The simplicity and the reduced execution time present two advantages of the Sugeno's approach. Its simplicity of implementation has attractes the attention of several researchers [7] [8] . The main goal is to develop new technics to reduce the number of parameters of the consequences that burdens the Sugeno's method.
Hao Ying [9] proposed an analytical method of treatment of the Sugeno controller's. The output polynomials are proportional one of the other. While introducing some modifications to the level of the form of the rules, one gets:
Where, Using the weighted-average defuzzification method, the digital output for a set of entries and is given by:
Where M is the number of the rules and is the degree of activation of the rule calculated either by the operator of conjunction (MIN) or the arithmetic product, represents the center of gravity of the fuzzy set output (singleton) of the rule.
Under the vectorial form:
The expression (7) becomes:
Where,
The expression represents an association of the linear controllers, which contain the linear PID controller as a special case The following three-input variables are used by the discrete-time PID control in incremental form:
Where and y(n) are a set-point/reference signal for process output and the process output at sampling time n, respectively.
According to data of the problem to treat, the output variable can be the action of control or its variation. It is sometimes discriminating to formulate the rules of inference so that the response signal intervenes like increment of the control signal between the instants n and n-1:
With respects of the saturation regions:
The increment permits to introduce an integral behaviour to the global controller level. In the rest of this paper, we denote the output and the change in output as U(n) and at time n, respectively. In the case of the direct action control, the controller's output form will be given by:
The law of PD controller in its incremental or discreet form is given by:
Where, and are constant gains named proportional-gain, and derivative-gain, respectively. It returns the controller equivalent to a PD with gains and variables and non-linear, since the output of a fuzzy system is non-linear in relation to these entries.
In the case of the control variation, the output controller's will be:
By analogy with a PI and a PID in the discrete-time form, the control variation is:
The relation (14) can write itself as follows:
This last is similar to the one of the expression (16), only the constant gains and are replaced by nonlinear factors: et respectively. Generally, the control of the complex systems by a PID presents a delicate task. The solution of the problem comes back to choose or to develop an efficient method for the determination of the gains of different actions, or the combination of the PID with other more sophisticated methods very adapted to the complexity and to the nature of the industrial processes.
The controller so developed presents a way of this hybridization, whose goal is to take advantage on the one hand of the precision of the mathematical model of the PID, on the other hand, of the suppleness of the elements manipulated by the fuzzy logic. What drives to the realization of a fuzzy controller to one degree of autonomy.
3.
CONTROL STRUCTURE Figure 1 shows the structure of the command system that contains four blocks:
Optimization block characterized by GA. Structural block representing the fuzzy controller. Decisions block defining the performances criteria. System block to be controlled. The interaction between these four blocks is summarized by the flow chart represented by figure 2.
PARAMETERS CODING
The difference between the genetic algorithms used in the literature resides to the levels of the coding (binary, integer or real) and the genetic operators adapted to every coding type [13] .
The introduction of the coding mixed, binary-integer, multiparametered and concatenated permits to construct the chromosome of the GA. This technique allows or encourages the coding and the successive juxtaposition of the different parameters. The parameters to optimize are:
The widths of the fuzzy subsets associated to the spaces of I/O, binary-coded. The rules or the centers of the fuzzy subsets of the consequences are coded in integer. Every center is coded by a number included between 1 and the maximal number N of the fuzzy subsets of the output space [10] [11] [12] . The coefficients associated to the scaling factors of I/O are binary-coded. Every chromosome can represent a solution of the problem, that is, a fuzzy optimal knowledge base. Its structure is represented by the figure 3. and are the codes of the widths of the universes of discourses of the fuzzy subsets (ZE) of the entries and of the output U, respectively.
The are the codes of the conclusions characterizing the centers of the output fuzzy subsets and and are the codes of the coefficients of the scaling factors of the I/O variables.
MECHANISM OF THE GA
The genetic algorithms are stochastic procedures of research and exploration, inspired from the natural genetics. The figure 4 summarizes the principle of the standard GA.
The GA uses the selection by wheel of lotteries for the reproduction, two points crossover and the mutation operators. If the mutation, takes place in the binary-coded part, the operator of mutation has the same principle that the one of the standard mutation. If the mutation takes place in the integer part, instead of changing a 1 in 0 or 0 in 1, we change the allele by a random from value 1 to N different from its actual value. Finally, to put a limitation to the genetic divergence, one of the elitism strategies has been introduced. This last, based on the technic of the steadystate selection, permits to construct a new more effective generation than the previous. The criterion of stop of the GA is fixed by a, well determined, number of generations (Max-Gen).
The validity of the methodology and that of the form of command (PD non linear) are tested on the overhead crane considered as a non-linear, single input / multi-output system (SIMO). Figure 6 shows the schematic diagram of the crane system [14], as well as its structure. The dynamics of the system are characterized by: Figure 6 . Overhead crane structure.
SIMULATION
Where, and F are the mass of the wagon, load mass, crane position, the angle of the segment in respect to the vertical axis, and driving force, respectively. The numerical used data in the simulation are: L = 1m, The objective of the control is to generate a sequences of actions F(in Newton) permitting to consolidate the system in a desired state from a predetermined initial state.
The overhead crane system has four state variables If the fuzzy controller has N inputs, there will be items of rules even if every variable has M fuzzy subsets. It becomes difficult to design the fuzzy controller. The solution is to divide the system in sub-systems.
Liu Diantong in [14] proposed one controller with two fuzzy subcontrollers: displacement fuzzy controller is used to control load displacement and anti-swing fuzzy controller is used to damp load swing. Figure 7 is the schematic diagram of the control system.
The adapted chromosome structure for this system has the same form of the figure 3, but doubled. A part for and the other for The control system will be the superposition of the two outlays of the two controllers.
In this application the objective function responsible for the ordering of the chromosomes in the population is:
The controller thus developed for this application is characterized by: (5×5×5, 5×5×5), i.e., five fuzzy subsets for each I/O variables. What gives to the total 25×2 rules.
Every chain of the population will contain 95×2 alleles (10 bits for each of the widths of the universe of discourses, 25×2 integers for the rules and 10 bits for every coefficient of the gains). The parameters of the GA are presented in table 1. Simulation results from initial state (10, 0, 30, 0) to target state (10, 0, 0, 0) are shown in figure 9 . The generated force is presented by the figure 10. Figure 8 indicates the evolution of the objective function. The rule base gotten at the end of execution of the GA is: Figure 9 . Evolution of the state variables. Figure 10 . Output control.
CONCLUSION
In this work, the proposed controller has been applied to control the overhead crane system. The efficiency of this approach is measured by the controller's capacity to bring back the crane to its desired state.
One can say that this controller manages to achieve the desired task, which justifies the efficiency of the proposed conception method.
The association of the fuzzy reasoning and the genetic algorithms constitute an efficient means to exploit the power and the suppleness of the elements manipulated by these different procedures and approaches intervening in the phase of the conception and add to the resulted controller an <<intelligent" functionality that is the goal aimed by the intelligent controllers.
